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Target Audience: Engineers and physicists interested in segmentation of breast lesions in DCE-MR images 
Introduction: 
Dynamic contrast enhanced magnetic resonance imaging (DCE-MRI) is a sensitive tool for characterization of breast cancer. Automatic segmentation of breast lesions 
in DCE-MR images is challenging due to the inherent low signal-to-noise ratios and high inter-patient variability. Manual segmentation of breast lesions is both time-
consuming and highly susceptible to human error, which leads to lack of reproducibility. In this light, devising an accurate automated lesion segmentation technique is 
highly desirable. In DCE-MR images, the pixels related to breast tumor lesions indicate heterogeneous behavior, both spatially and temporally. This kind of intra-tumor 
heterogeneity presents a major challenge for cancer diagnosis and treatment [1]. The purpose of this study is to investigate tumor wavelet kinetic features for obtaining 
the spatiotemporal patterns of wavelet coefficients as well as semi-quantitative parameters, both extracted from pixel-based time-signal intensity curves for whole 
breast. The optimal features selected by forward selection are used for segmentation of breast lesions by applying fuzzy c-means (FCM) clustering.  
Materials and Methods:  
Data Acquisition: DCE-MR images of ten patients diagnosed with breast cancer were acquired on a 3T MR scanner (Siemens MAGNETOM Tim TRIO) using 16-
channel bilateral breast coil with TE/TR = 7.9/4.6ms, flip angle = 20°, image matrix = 192×192, FOV = 22×22cm2, slice thickness = 5mm, number of measurements = 
20 at 16 sec/volume, number of slices = 25. At first, three baseline dynamic scans were performed before the injection of contrast agent and the subsequent scans started 
immediately after the injection of 2 mL/sec of Gadolinium, followed by a saline flush. 
Pre-processing: MRI perfusion datasets suffer from motion artifacts due to breathing and patient’s movement. Thus, a non-rigid registration, employing local similarity 
measures, was carried out for motion correction [2]. 
Quantification: The signal intensity values of the whole image voxels at time step, SI	 , were normalized with the pre-contrast signal intensity SI  to extract relative 
enhancement  values; RE  = (SI	 −SI	 )/	SI	 ×100. Some commonly-used quantitative metrics, such as initial area under curve IAUC60, maximal relative 
enhancement (RE max), wash-in-rate (WIR) and wash-out-rate (WOR) were extracted from 
kinetic DCE-MRI curves [4]. Heterogeneity wavelet kinetic features were then extracted from 
pixel-based time-signal intensity curves to obtain spatiotemporal patterns of contrast agent 
from the partitions. The wavelet transform was used to capture spatial frequency information. 
Two level decompositions of the Haar wavelet family were calculated in wavelet 
transformation of the signal intensity-time curves of the whole pixels of breast images. Also, 
mean and variance of the approximation and detail coefficients of each level were extracted. 
Subsequently, fuzzy c-mean (FCM) clustering technique was applied to semi-quantitative and 
wavelet-based features to segment breast lesions. The performance of the proposed algorithm 
was verified in terms of sensitivity, specificity, accuracy, Jaccard index and Dice score 
measures, with manual segmentation performed by an expert radiologist as the ground truth. 
If I1 and I2 are automated and manual segmentations of an image, similarity is define as 
Dice(I1 , I2)= 2|I1	 ∩ I2	|/|I1| |I2| and Jaccard index is defined as J(I1 , I2)=	|I1	 ∩ I2	|/	 I1	 ∪ I2  
[5].  
Results and Conclusions: 
Fig. 1 illustrates the comparison between manual and two automated segmentation methods 
In the first method, the lesions are segmented by kinetic features including REmax, AUC60 and 
WOR selected by forward selection Fig.1 (B,E), and in the second approach, they are 
delineated by wavelet kinetic features selected by forward selection containing variance of 
approximation and detail components in two levels of decomposition, as apparent from 
Fig.1(C,F). As it is evident from the figures, the segmentation performed based upon wavelet 
kinetic parameters is very close to the manual segmentation.  In particular,  it can be observed 
from Fig.1 that the segmentation by wavelet kinetic features (Fig.1(C,F)) is more robust to 
noisy pixels than the first method, and heterogeneity of tumor is more visible in this type of 
segmentation, which complicates precise discrimination of tumorous area. Average of 
sensitivity, specificity, accuracy, Dice score and Jaccard index were calculated across all 
lesions, for each of the two automatic segmentation methods. In Table 1, evaluation results of 
the two methods of segmentation are summarized, showing that while both methods could 
achieve acceptable results, the performance of the technique based on wavelet kinetic features 
was much better than semi-quantitative features. 
In this study, we presented a new pixel-wise automatic segmentation method that works based 
on kinetic features derived from wavelet transformation of signal intensity curves and semi-quantitative parameters, which could accurately and reliably discriminate 
the tumorous lesion from other parts in high temporal-resolution DCE-MR images. The new proposed segmentation algorithm in this work can potentially be 
implemented for automatic breast lesion detection in a computer aided diagnosis scheme and combined with morphologic features to increase the diagnostic credibility. 
References: [1] Mahrooghy M, et al. Heterogeneity Wavelet Kinetics from DCE-MRI for Classifying Gene Expression Based Breast Cancer Recurrence 
Risk. Medical Image Computing and Computer-Assisted Intervention. 2013: 295-302. [2] Schäfer S et al.  Local Similarity Measures for ROI-based Registration of 
DCE-MRI of the Breast. Medical Image Understanding and Analysis. 2010: 159-163. [3]  Kuhl CK et al. Dynamic breast MR imaging: are signal intensity time course 
data useful for differential diagnosis of enhancing lesions?. Radiology. 1999:211:101:110. [4] Jamshidi O et al. Automatic Segmentation of Medical Images Using 
Fuzzy c-Means and the Genetic Algorithm. Journal of Computational Medicine.2013: 7. 
 
 
 
 

 Accuracy Sensitivity Specificity Dice Jaccard 
Wavelet-
kinetic 

     90.2%     87.6%   95.5% 83.8% 72.2% 

Semi-
quantitative 

     81.4%     70.9%   90.5% 78.4% 69.3% 

Fig. 1 Comparison of segmentation of two different lesions : (A,D) 
manual segmentation by the expert, (B,E) segmenttion by semi-
quantitative features, (C,F) segmentation by wavelet-kinetic features.  

Table 1. Parameter calculations for Benign and Malignant ovarian 
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